We analyzed long-run adjustment process to equilibrium and short-run dynamics with WTI spot and futures prices using bivariate 3-regime TVECM. After dividing the entire sample period into 5 sub-samples, we applied this model to each sub-sample. This allows us to figure out the differentiable effects of market conditions which can vary by sub-samples and regimes, on investors' behaviors. The estimation results showed quite interesting points. First, the middle regimes of all 5 sub-samples were not targeted by investors, so we could find their activities only in lower and/or upper regimes. Second, we can make 3 different groups with 5 sub-samples. Period 1 showed brisk movements in futures markets under the price information leadership of spot markets and relatively longer adjustment time compared to the other 4 periods. Period 2, 3, and 4 showed the opposite phenomena to period 1 probably caused by sporadic big shocks on world economy. Period 5 showed mixed results in lower and upper regimes. We could analyze quite differentiable and opposite adjustments according to regimes in this period even under the dominated contango condition, which could be regarded as the precious harvest of employing a bivariate 3-regime TVECM in this paper.
Ⅰ. Introduction
WTI(West Texas Intermediate) crude oil spot and futures prices and their volatilities have been one of the most favorite research subjects in the industries and academia along with Brent and Dubai crude oils. Most of the previous studies on this subject used conventional methodologies including cointegration analysis, VAR(Vector AutoRegressive) models, VECM(Vector Error Correction Models), and so on to find out lead-lag relationships, the adjustment processes to long-run equilibrium and short-run dynamics between spot and futures prices. These methodologies have the linear analysis in common, but unfortunately the data of interest in this field tend to show nonlinearity. Therefore many scholars has been trying to construct more advanced models which can reflect this nonlinearity of the data. As a result, a multiple-regime TVECM(Threshold VECM) has been developed and several cointegration tests for linear cointegration null against nonlinear cointegration alternative have been devised based on the established multiple-regime TVECM. We can take Hansen and Seo(2002) test and Seo(2006) test as an example. Hansen and Seo(2002) proposed a SupLM type cointegration test statistic based on a 2-regime TVECM and Seo(2006) went several more steps forward by developing a Sup-Wald type cointegration test statistic based on a 3-regime TVECM.
The previous literature includes Huang, Yang, and Hwang(2009) , Mamatzakis and Remoundos(2010) , and Hammoudeh, Chen, and Fattouh(2010) if we confine its coverage to recently issued studies whose subject and mehodologies are relatively similar to ours. Huang, Yang, and Hwang(2009) focus their study on the long-run adjustment processes to equilibrium and causal relationships between WTI spot and futures prices with a MVTAR(MultiVariate Threshold AutoRegressive) model proposed by Tsay(1998) . They also compare the predictive power between the linear and nonlinear models and have a conclusion that the in-sample prediction of the nonlinear model is clearly superior to that of the linear model. Mamatzakis and Remoundos(2010) analyse the long-run adjustment process to equilibrium of Brent crude oil spot and futures markets along with short-run dynamics using Hansen and Seo(2002) methodology. They make the following three conclusions. First, Brent crude oil markets follow a gradual integration path. Second, Brent crude oil spot and futures prices are cointegrated, though two regimes are clearly identified. Third, adjustment costs in the error correction are present and valid at the dominant regime. Hammoudeh, Chen, and Fattouh(2010) find that spot and futures prices in each of the four widely traded commodities, copper, gold, WTI crude oil and silver are asymmetrically cointegrated using the threshold cointegration methods, Enders-Siklos(2001) and Hansen and Seo(2002) . They conclude that the different adjustments among 4 commodities imply different trading strategies, depending on whether the faster adjustment happened from above or below the threshold.
The above previous studies show that (WTI) crude oil spot and futures prices are nonlinearly cointegrated and the estimation and/or prediction performance on this data can be improved when the nonlinear models such as a multiple-regime TVECM are used. We made our model specifications after considering the results of previous studies. First, we divided the entire sample period into 5 sub-samples via structural break point detection method proposed by Bai and Perron(2003) to provide the general market condition(backwardation or contango) to each sub-sample. This allows us to get more enriched interpretations along with the presence of thresholds. Second, we took basis as a threshold variable based on "cost-of-carry relationship". Third, we set the number of thresholds to 2 so there are 3 regimes in our model. This allows us to identify the regimes with/without investment activities. Forth, We performed BDS nonlinearity test and cointegration test based on 3-regime TVECM proposed by Seo(2006) before the estimation of bivariate 3-regime TVECM. This allows us to believe that fitting nonlinear models can produce more reliable estimation results.
We had nonlinearly cointegrated data like the results of previous studies. The division of the entire sample period into 5 sub-samples and setting 3 regimes seems to help draw interesting and useful conclusions along with underlying causes even compared with the results of previous studies.
-3 -This paper is organized as follows: we explained some important methodologies used in this paper in section 2. We described the structure and nature of the data in section 3. We reported all the test results including a bivariate 3-regime TVECM in section 4, and section 5 concludes this study.
Ⅱ. Research Methodologies
1. Multiple structural change point estimation Bai and Perron(2003) With this algorithm they successfully performed the sequential detection of structural change points by increasing the number of breaks one at a time.
They considered the following multiple linear regression with  structural breaks (   sub-samples): Before using dynamic programming algorithm, the construction of the triangular matrix of sums of squared residuals for all possible segments should be made. The vertical axis of this matrix indicates the initial date of a segment and the horizontal axis the ending date, so each element means an estimated sum of squared residuals corresponding to the associated segment. The global sum of squared residuals for any -partition   ⋯    and for any value of  should be a particular combination of these    sums of squared residuals. The estimates of break dates      ⋯     correspond to this linear combination with a minimal value.
They wrote that in practice, less than    segments were possible in this paper. For this procedure, some minimum distance  between each breaks may be imposed which can be quite helpful for reducing the number of segments along with other factors.
If the sum of squared residuals of the relevant segments have been calculated and stored, a dynamic programming algorithm can be applied. This method examines optimal one-break partitions sequentially. Let      be the sum of squared residuals associated with the optimal partition having  breaks using the first  observations. The optimal partition solves the following recursive problem:
They also constructed confidence intervals for the parameters  and , and the break dates. They proposed their own test statistic for multiple breaks as follows:
This is a sup type test of no structural break    versus    breaks. minimize the global sum of squared residuals which has the same meaning of maximizing the -test assuming spherical errors. In this paper, we'll use 'dynamic programming algorithm' presented by Bai and Perron(2003) to detect the multiple structural break points.
2. Nonlinearity test (Brock, Dechert, and Scheinkman, 1987 ) Brock, Dechert, and Scheinkman(1987) 
You can compute the correlation integral which measures the spatial correlation among the points by adding the number of pairs of points  , where  ≤  ≤  and  ≤  ≤  , in the -dimensional space which are "close" in the sense that the points are within a radius or tolerance  of each other.
where , Dechert, and Scheinkman(1987) proved that if this time series is I.I.D.
If    is greater than 200, the values of    are from 0.5 to 2 (Lin, 1997) 
where
Consequently, the BDS test statistic can be formulated like this:
It has a limiting standard normal distribution under the null hypothesis of I.I.D.
as →∞ and obtains its critical values using the standard normal distribution.
Due to the type of alternative hypothesis BDS test becomes a two-tailed test and the rejection regions are placed at the two tails of probability density curve.
Therefore if you can reject the null hypothesis at a given significance level , the time series is not I.I.D., so this data should be fitted with nonlinear models.
Threshold Vector Error Correction Models(TVECM)
Threshold Vector Error Correction Models(TVECM) can be defined as the Vector Error Correction Models(VECM) using a threshold variable as an error correction term. The general bivariate threshold vector error correction models can be specified as follows:
In this study, 
The theoretical background for selecting basis as a threshold variable
We can find out the theoretical background for selecting basis as a threshold variable from the theory of storage. This theory means that the marginal convenience yield on inventory falls at a decreasing rate as aggregate inventory increases.
2) It has been the dominant model of commodity forward and futures prices [Working(1949) , Brennan(1958) , and Telser(1958) ]. We can write down the following equation about commodity futures pricing according to this theory.
where  is the futures price at time  for delivery of a commodity at  and  is the spot price at .  is the interest rate at which market participants can borrow or lend over the period between  and .  is the marginal warehousing cost and  is the marginal convenience yield.
1) We used basis(    ) as an error correction term() in this study. Basis can be defined as the difference between futures and spot prices at time    in finance.
2) The intuition of convenience yield is that an uncompensated carrying cost-a futures price does not exceed the spot price by enough to cover interest and warehousing costs-implies that storers get some other return from inventory. For example, a convenience yield can arise when holding inventory of an input lowers unit output costs and replenishing inventory involves lumpy costs. Alternatively, time delays, lumpy replenishment costs, or high costs of short-term changes in output can lead to a convenience yield on inventory held to meet customer demand for spot delivery (Fama and French, 1988 ).
As we are interested in basis as an threshold variable, equation (13) can be written again like this.
    
Equation (14) is also known as "the cost-of-carry pricing relationship" and equates basis with the cost of carry. As a result, arbitrage is not profitable. Dividing both sides of equation (14) by , we can have the following equation.
Equation (15) shows that the observed quantity on the left-hand side which can be called "interest-adjusted basis" is the same as the difference between the relative warehousing cost,    and the relative convenience yield,    . Assuming that the marginal warehousing cost is roughly constant, the marginal convenience yield declines at a decreasing rate with increases in inventory, and variation in the marginal convenience yield dominates variation in the marginal warehousing cost.
If we assume that  is fixed at a certain level during a certain period, we can have not exactly the same but similar results in the case of using "basis"
instead of "interest-adjusted basis." On the right-hand side of equation (15),        can be regarded as total cost  , so we can use this as the value of threshold parameter in TVECM.
Under the Cost-of-Carry framework and our 3-regime TVECM, if the basis is larger than the threshold band 3) , an arbitrage can be profitable. Therefore, a long arbitrage position(positive basis) is the case of     4) and a short arbitrage position(negative basis) is the case of     (Huang, Yang, and Hwang, 2009 ).
3) We're considering bivariate TVECM with 3 regimes, so there are 2 limits which are upper limit and lower limit of threshold band. 4) In this expression, we used   as the basis at time  and interest-adjusted basis was replaced by basis.  represents total cost.
Cointegration test based on the TVECM representation
We used the sup-Wald type test statistic proposed by Seo(2006) for finding out the property of adjustment process toward long-run equilibrium because the significantly greater power of this test against the threshold cointegration alternative has been proven compared to conventional cointegration tests. The other reason for us to choose this test is that Seo(2006) considers a Band-TVECM whose model specification is exactly the same as ours. The model is as follows:
where    ⋯  and  is a th-order polynomial in the lag operator defined 
The test statistic which is calculated under this null hypothesis in Seo(2006) is the supremum of the Wald statistic. When  is given, the least-squares estimators for the coefficients are the OLS estimators.
and let
The Wald statistic testing null hypothesis (17) with a fixed  is
and   and  are matrices stacking
onto the orthogonal space of the constant and the lagged terms      ⋯     .
Then the supremum statistic can be defined as
 
Ⅲ. Data
The raw data for this research are WTI crude oil closing prices of the nearby futures contracts traded in NYMEX and corresponding spot prices 5) . The sample period is from January 2, 1986 to December 30, 2010 and data type is daily time series. All the prices are expressed in dollar terms per barrel. We considered the trading days when both futures and spot markets opened and the final data set has 6,244 observations in total. We downloaded these data from the homepage of the Energy Information Administration and edited them for the purpose of this analysis.
<Figure 1> is the plot of log-transformed WTI crude oil closing prices of the nearby futures contracts   and basis(     ) used in this study.
5) The nearby futures series are constructed from the daily closing prices on futures contracts one month prior to the expiration month in this study. Notes.
1. The null hypothesis of these two tests is the time series has a unit root which means that it is not stationary. 2. *** and * indicate that the null hypothesis of this test can be rejected at the 1% and 10% significance levels, respectively.
The detection of structural break points
We applied 'dynamic programming algorithm' presented by Bai and Perron(2003) to the stationary first-differenced data of log-transformed WTI crude oil spot and futures price time series, the same structural break point    in both spot and futures log-return series was chosen by the criterion of the minimum RSS(Residual Sum of Squares) like <Table 2>. We can find several possible reasons for this phenomena in the case of WTI crude oil markets. First, the increasing inventory in US has pushed down the marginal convenience yield, which has led to the fall of the relative convenience yield and finally the increase of basis. Second, the raise of federal funds rate increased the relative warehousing cost through the increment of cost in terms of interest rates. The up-turn of the relative warehousing cost led to positive basis, namely contango(refer to Eq.(15) in this paper).
2. Descriptive statistics for 5 sub-samples <Table 4> reports descriptive statistics for 5 sub-samples. Notes. 1. The study data comprise two log-returns series based on the daily closing prices of WTI crude oil nearly futures contracts and its corresponding daily spot prices. The entire data cover January 3, 1986 through November 30, 2010. All the prices are stated dollar terms per barrel. 2. The Jarque-Bera test is a goodness-of-fit measure of departure of normality based on the sample kurtosis and skewness. The null hypothesis of this test is that 'the data are from a normal distribution.' The test results showed that p-values are really close to zero so we can reject the null hypothesis, which means that all the series for this analysis don't follow a normal distribution.
The two interesting results were found from the descriptive statistics. First, five sub-samples can be grouped into the following two: the first group(sub-sample 2 and sub-sample 3) has negative means and relatively lower level of volatility but the second group(sub-sample 1, sub-sample 4, and sub-sample 5) has positive means and relatively higher level of volatility.
Sub-sample 4 and sub-sample 2 have the highest and lowest means, respectively. Sub-sample 1 and sub-sample 3 have the highest and lowest level of volatility, respectively. Second, all the series don't follow a normal distribution as Jarque-Bera test results represent. Most of the series have a kurtosis significantly higher than 3, implying that extreme market movements in either direction(gains or losses) occur in WTI spot and futures markets with greater frequency in practice than would be predicted by the normal distribution (Hammoudeh, Chen, and Fattouh, 2010) . Especially, sub-sample 2 has remarkably smaller and negative skewness and much higher kurtosis than the others, which reflect it's mean and standard deviation rank nearly the lowest.
Stationarity test
Augmented Dickey-Fuller(ADF) test and Phillips-Perron(PP) test were performed on the log-transformed data   ln         ln     and their first-differenced data for checking stationarity of these time series. The results of these two unit root tests in 5 sub-samples are reported in <Table 5>.
The null hypothesis of these unit root tests is 'this time series has a unit root.' While the unit root test results show that log-transformed time series
is not stationary except for PP test results of sub-sample 2, their first-differenced time series become stationary at the 5% significance level.
Fortunately ADF test results on log-transformed time series for sub-sample 2 show the disability to reject the null hypothesis at the 5% significance level, so we can say that all the series are turned into stationary ones after first difference. This condition can guarantee that the two log-transformed time series are ready for cointegration test. 
Notes.
1. The null hypothesis of these two unit root tests is 'the time series has a unit root' which means that it is not stationary. 2. ***, **, and * indicate that the null hypothesis of this test can be rejected at the 1%, 5%, and 10% significance levels, respectively. (20) and Eq. (21) in this paper) and tested the linear cointegration null hypothesis against the threshold cointegration in the following form: Notes. *** indicates that the null hypothesis of this test can be rejected at the 1% significance level.
Nonlinearity test BDS test was performed on
6) Hansen and Seo(2002) have also proposed a similar cointegration test statistic but their test method is based on a vector error correction model with 2 regimes.
6. The application of a bivariate 3-regime TVECM
The entire sample has been divided into 5 sub-samples via the detection of structural break points   . This allows us not to miss any information about sub-divisions in this analysis. The 5 sub-samples can be classified into two parts, that is, the first 4 sub-samples with backwardation market character and the last sub-sample with contango market character(see <Table 3> and its related explanations).
Moreover, we applied a bivariate 3-regime TVECM to each sub-sample to infer appropriate investment strategies of arbitrageurs. Some explanations are needed about our model specification. First, we didn't include constant term and time trend term in this model. Second, we assumed the error correction terms without constant terms, and a cointegrating vector of    to equate an error correction term with a basis. Third, the lags of each equation has been chosen by the model selection criteria such as AIC and BIC, and the goodness of fit measure like SSR.
We can expect the sign of some parameters, especially    and    , in the following models. Notes. 1. The figures in parenthesis represent the ratio of the number of observations in this regime to the total number of observations. 2. ***, ** and * indicate that this estimate is statistically significant with not being zero at the 1%, 5% and 10% significance levels, respectively. Notes.
1. The figures in parenthesis represent the ratio of the number of observations in this regime to the total number of observations. 2. ***, **, and * indicate that this estimate is statistically significant with not being zero at the 1%, 5% and 10% significance levels, respectively. This paper is on the way to completion. We would like to add the estimation of a linear VECM as a benchmark even though we fully guaranteed the preference of a nonlinear 3-regime TVECM over a linear VECM in this paper this time. This job is also needed for the comparative study of forecasting performance of these two different models afterwards.
